Aiming to the problem of the unknown trajectory for the target robot which escapes on its own initiative, a multi-robot collaborated hunting algorithm is proposed based on dynamic prediction of the target in dynamic environment. Firstly, sample points of the target robot are updated to fit its trajectories and the consensus based on Consensus-based Kalman Filtering is further used to dynamically predict the position of the target. Secondly, the appropriate hunting points are distributed for the pursuit robots by the particle swarm optimization algorithm. The pursuit robots surround the target robot and constantly narrow the encirclement so that they finish the task. The simulation results show that the proposed algorithm is feasible and effective.
Introduction
Pursuit-evasion is an ever-increasing interest in the filed of differential games which has been inevitable tendency in recent years towards. With its unique antagonism, it attracts many scholars to explore the game and to deliberate on coordination control of multi-robot system [1] [2] [3] . For typical applications, that may be one or multiple robots to track an evader or multiple targets in an environment containing polygonal obstacles. Both the pursuer and the evader are intelligent and absolutely restricted with speeds. In the research of the "Pursuit-evasion" game, both confrontation sides show obvious game behavior, that is to say, the pursuers try to hunt the evader through various strategies, similarly, the evader expects to escape with kinds of defensive maneuvers. Multi-robot cooperative hunting is a challenging task in mobile robotics, each robot in the multi-robot system will cooperate with others to estimate their poses in the same environment which is the basis of hunting games. Compared with that of a single robot hunting or multiple robots hunting without any strategies, multi-robot cooperative hunting can make full use of their sensors commutative information to obtain the relative observations, which improves the hunting efficiency greatly. In [4] , based on loose-preference rule, the authors present the self-organizing approach to cooperative hunting by swarm robotic systems and design an autonomous motion controller of the individuals. Vidal et al. [5] present a method to improve the accuracy of multirobot cooperative hunting by using a probabilistic game theoretical framework, where the robots implement map building at the same time. Unfortunately, the evader can not escape on its own initiative. Similarly, some hunting games implement in real mobile robots without considering the initiative of the evader in [6, 7] . In [6] , the authors propose the angle relation preferentially and reduce the pursuit time if and only if the evader drops into the encirclement. In [7] , a dynamic alliance is introduced to reduce the communication load during the task negotiation process; the pursuers apply the switch strategies between alliance and nonalignment. There have been many successful applications of multi-robot cooperative hunting in unknown environment, but the probability of success hunting in the surrounding of intelligent intruders is required to be completely increased. Yuan et al. [8] propose a fuzzy control coordination of multiple autonomous robots where the local sensing ability to a target can promote the cooperative hunting and can reduce dependence on communication system, lastly, it can improve adaptability on the surroundings. Also, a game theoretical framework based on the criterion of optimal probability for multi-robot cooperative hunting is recently presented in [9] .
However, up to now, most of the existing multi-robot cooperative hunting approaches have considered only the feasibility and not fully considered the convergence, stability, positional accuracy. Facing the above problems, in [10] , given a hunting strategy based on Cross-EKF localization, the game is analyzed by crossly calculating posterior estimate covariance and simultaneously minimizing the covariance to estimate the target location. Finally, this leads to a convergence circle and an accurately hunting. Zhou et al. [11] present an approach of cooperative hunting in unknown environment, where the pursuit game can be transformed into multi-robot path planning problems, and based on the association rule date mining, the feasibility and the validity has been increased. In [12] , a multi-scout ant cooperation algorithm has been addressed for dynamic prediction of the multi-robot hunting, and by using the fitting of the polynomial, the target position can be estimated in a short time, the simulation results show that this system has good reliability. But the algorithm does not consider the escape strategies of target, without considering the uncertainty of target motion information and the interference; it runs into slow convergence rate and high computation complexity. It needs the further consummation.
Summarizing the previous discussion and aiming at the problem of the unknown trajectory for the target robot which escapes on its own initiative, we are motivated to study the multirobot collaborated hunting algorithm based on dynamic predicting of the target in dynamic environment. This paper mainly studies the following three practical problems in multi-robot cooperative hunting. The first one is how to propose a new method of predicting the target, the second one is how to occupy the encirclement points when mobile robots approach the target, the last one is how to capture the evader in a dynamic environment rather than a structured static one. To solve the first problem, the Consensus-based Kalman Filtering is used to dynamically predict the position of the target; for the second problem, the fitness function is established based on the principle of "the averagely shortest distance", then the encirclement points are distributed for the pursuit robots by the particle swarm optimization algorithm. For the last problem, based on these strategies, it is natural for the pursuit robots to move to the corresponding encirclement points and form encircling posture, through continually contracting the encirclement, the pursuit game is finished.
In Section 2, we present the formulation of the game. In Section 3, we present the cooperative hunting algorithm via Consensus-based Kalman Filtering. In Section 4, we describe the algorithm flow. Section 5 illustrates the effect analysis and the effectiveness of the proposed cooperative hunting algorithm with the simulation results. Finally, Section 6 summarizes the conclusion and identifies some future work.
Problem Formulations
We consider n mobile pursuers and an evader moving in a 2-dimensional space without any barriers, ignore the size of all the mobile robots and assume the pursuers are at the same speed. At the beginning, both players have the same omnidirectional vision and have knowledge about current position of each other as long as they are visible to each other; they carry the same wireless sensors and own the same visual ranges. The set of all pursuers is w = {w 1 , w 2 , . . . , w n } whose sensor is marked as ws i , the mobile pursuers and the evader move in with velocities (v i (t),
are the speeds of the players. β(t), θ i (t) are the direction of the velocity vectors.
are the position of the players. Assume a set of n mobile pursuers, in which each agent i = 1, 2, . . . , n has the following constrained dynamics:
where
is the control input.
Definition 1 In the 2-dimensional space, set the pursuer w i as center and regard the perceived radius R > 0 of sensor ws i as interaction range, each agent only interacts with a time-varying set of its neighbors N i defined as
The set of neighbors includes agents w i , we get agents w i as a node of the network and line the neighbors that can communicate with each other, then it is easy to get an undirected graph 3 A Cooperative Hunting Algorithm via Consensus-based Kalman Filtering
A Dynamic Prediction Algorithm for Trajectory of the Moving Target
In this section, in order to improve the efficiency of multi-robots cooperative hunting on the "pursuit-evasion" game, we present an algorithm to estimate the trajectory of the target, then we fuse the target estimate value through a distributed message passing for multi-information to consistency. Lastly, the target position in the present moment gives reference for the pursuit robots at the next step. Consider a dynamic target with a linear time-varying model
and w(t) are the state and input noise of the process at time t ∈ 0, 1, 2, . . ., respectively, and x 0 is an initial state with a Gaussian distribution. A(t) and B(t) are state transfer matrix of the target system and systematic procedure of the noise input matrix at time t. Our main objective is to establish Eq. (1) that n pursuit robots combine of the wireless sensor network as an estimate to Eq. (2) that describes the position of target robot. Every sensor ws i measures the following output
where H i (t) and ξ i (t) are observation matrix and measurement noise of sensor ws i , respectively. We refer to z i (t) as sensor data. w(t) and ξ i (t) are zero-mean white Gaussian noise with the following statistics [13] :
where δ tl = 1 if t = l and δ tl = 0, otherwise. Q(t) and R(t) are covariance matrix of system noise and covariance matrix of measurement noise.
Let z(t) = col(z 1 (t), . . . , z n (t)) be the collective measurement data of the entire network at time t. Given the measurements Z(t) = {z(0), . . . , z(t)}, the sate estimate for the target in Kalman Filter can be expressed as:
Let
denote the estimate errors and the prior estimate errors, then the error covariance matrices are given by:
Suppose that if the target robot is rectilinear motion, the equation of motion is a kind of linear equation, then the state transfer matrix is time-invariant; otherwise, it is time-varying. Thus, we address the A(t) problem at the time t as well, taking into account that this note uses least squares fit of the target robot sampler info from the time t − 2 to t, aiming at the uncertain target trajectory, our main strategy is to present the rolling estimation algorithm based on the consensus to estimate the target pose and which equally can provide references to the motion control of pursuit robots. Firstly, based on the least squares fit of the target robot rectilinear motion equation, it samples the target pose at the time t, t − 1 and t − 2, the corresponding positions are (x x (t), x y (t)), (x x (t − 1), x y (t − 1)), (x x (t − 2), x y (t − 2)), respectively, then the straight line is fitted such as x y (t) = µ(t)x x (t) + ψ(t) and thus:
where T = 2, from Eq. (8) one can get the µ(t) and ψ(t). Therefore, the target approximate motion and trajectory is confirmed. Furthermore, based the Consensus-based Kalman Filtering the target pose is estimated at the time t + 1.
The pursuit robot w i (i = 1, . . . , n) state update can be further simplified as follows:
Step 1 Initialize the iterations k, and messages
Step 2 Obtain measurement z i with the error covariance R i ;
Step 3 Fuse measurement and covariance, broadcast messages m j = {u j , U j ,x j }to neighbors and receive messages;
Step 4 Compute the state estimate of the target robot;
Step 5 Update the state of the filter (the superscript means the update);
Step 6 If k < k max , return to the Step 2, otherwise, it comes to termination.
The Distributive Strategy of Encirclement Points
The switch strategy of dynamic potential points is presented in [14] , while we refer potential points as dynamic encirclement points, in order to pursuit the target robot synergistically in a simple but efficient way, the consensus is further used to dynamically predict the position of the target, furthermore, it presents the "the averagely shortest distance" principle that the appropriate encirclement points are distributed for the pursuit robots, the corresponding pursuit robots move to the corresponding encirclement points and encircle the target robot. Lastly, the pursuit robots contract the encirclement and finish the pursuit task.
(1) None of the pursuit robots perceive the target robot.
Let κ = 0, the pursuit robots w i (i = 1, . . . , n) move to the estimated target position (x x (t),x y (t)), then approach the target closely, the direction of motion can be expressed as
(2) Certain pursuit robots perceive the target robot.
Let 0 < κ < n, the pursuits robots approach the target closely. For the sake of avoiding deadlock justly based on the "the averagely shortest distance" principle, consequently κ pursuit robots capture the encirclement points around the target, other n − κ pursuit robots which are out of the sight of the target robot estimate the target position based on the Kalman-consensus filtering sequentially.
(3) All the pursuit robots perceive the target robot.
Let κ = n, the encirclement of the target is finished. In order to shorten the time of pursuit task, the pursuit robots need to converge rightly and transform the encirclement to pursuing circle that similarly take the principle based on the averagely shortest distance to distribute the encirclement points.
Let κ = n, for example. According to Fig. 1 (a) , the position (x x (t), x y (t)) and the direction β(t) of the target robot ascertain the n encirclement points.
where r and l are the radius and the adjacent length of encirclement point. Let m = 1, . . . , n, it means that the number of the encirclement points equals the number of the pursuit robots of n. Look at the characters A, B, C, D, E in Fig. 1 (t + 1)) at the time t + 1.
Fig. 1: Distribution sketch for encirclement points
In order to distribute the κ encirclement points for the κ pursuit robots which perceive the target robot, there exists projects of A κ n .
S. Chen et al. / Journal of Information & Computational Science 12:4 (2015) 1557-1568

1563
Let us suppose that the distance between the position (x
(t + 1)) and the encirclement point (x xm (t), x ym (t)) is
Therefore, the average distance isd = 
Let F = min{S 1 , S 2 , . . . , S m } be the fitness function, our main objective is to formally get the direction angle θ i (i = 1, . . . , κ) by the particle swarm optimization algorithm at next time when F is minimum. Assuming in a D-dimensional space the number of particles is N , and then the particles consist of the population X = (
T are position and speed of the ith particle, respectively.
T are the personal best position and the global optimum position of the ith particle, respectively.
During the iteration process, the update formula of the particle velocity and position can be written as [15] : (15) where c 1 , and c 2 are accelerating factors, ξ and η are both random numbers from the interval [0, 1], ω is the inertia weight which decreases progressively when the iterations increase.
The algorithm in this thesis demands that the dimension of particle is related to the number of the solutions, namely that is D = n, define the position of the particle as the direction angle θ i (i = 1, 2, . . . , n), the initial speed of the particle is a random number; the evaluation function is the fitness function. The algorithm solves the personal best position when the fitness function is minimal, the particle initial angle is a random number between zero and one, and the manhunt space of the particle position can be seated in θ i ∈ (0, 2π). When there exits no risk for the target, namely, this means that no pursuit robots are within the radius. The target robot moves to the destination at the time t, the motion formula is given by:
The Escape Strategy of the Target Robot
where (x ex , x ey ), x x (t), x y (t) are the destination and the position of the target robot, respectively. Uncertainty factor δ is a random number belonging to internal (0, 1).
(2) Part of the risk for target robot.
Such as Fig. 2 (a) , when the target robot perceives part of the risk, whose escape strategy is as follows: vectors superimpose from all the pursuit robots within the radius reaching the target and the target robot velocity, that is, the superposition of the vector is the escape direction. The reject direction between pursuit robots and the target robot is given by:
where V i is a unit vector who is also the line link between the target and pursuit robot, i = 1, . . . , κ. d i is the distance between the pursuit robot w i and target robot.
(3) All risk for target robot.
In the target robot sensing range, when the pursuit robots encircle the target (as Fig. 2 (b) is shown), the target robot breaks through the midpoint of the two neighboring pursuit robots (such as the robots w i and w j ), and the distance d i between the target robot and the midpoint is shorter than the distance between the pursuit robot (either w i or w j ) and the midpoint. 
The Terminal Condition for the Successful Hunting
When the pursuit robots view the target robot as a centre to form an N-regular polygon and encircle the target. Regardless, whatever centre distance ρ between the target and the midpoint of any two neighboring pursuit robots is not less than the centre distance µ 0 between the chosen two neighboring pursuit robots and the midpoint, that is to say ρ ≥ µ 0 .
Step 2 The pursuit robots dynamically estimate the position and speed of the target robot based on the Kalman-consensus filtering;
Step 3 The target robot escapes with the strategy according to the judgment, namely, the pursuit robots encircle the target according to "the averagely shortest distance"principle and the particle swarm optimization algorithm for distributing encirclement points;
Step 4 Determine whether it is a successful hunting game, if so, come to an end, otherwise, turn to Step 2.
The Analysis and Result of Simulation
(I) The simulations of dynamically predicting target trajectory
We consider a network of 6 robots, of which 5 pursuit robots and one target robot, where the pursuit robots predict and track the target dynamically, the target robot speed is 1m/s, the initial motion is random, the uncertain factor δ ∈ (0, 1), finally, according to the algorithm 3.1 presented, dynamically predict and fit target trajectory to get parameter of the target motor direction µ(t) with µ(t) = tan(β(t)). 
where ρ i = H ixi − q i , a > b > 0 and I 0 = 0.1, a = 8b, b = 1, as well as l = 10R, the total number of iterations is 200, the step size is 0.1. Fig. 3 (a) shows the dynamically predicted trajectory of the target, the red solid line stands for the real trajectory of the target. Fig. 3 (b) shows the estimation error of the target position. It can be see that all the nodes are in approximate agreement regarding their estimates. According to the figure, if there exits uncertain factors in the motion of the target robot, then the algorithm samples and fits equation of target motion. Lastly, it is accurately proved that the algorithm can be effective to track the dynamic target.
(II) The simulations of the pursuit game Based on the MATLAB simulation platform, consider no obstacles exit in the environment, 5 pursuit robots are all with the same speed 0.8 m/s, the target robot speed is 1 m/s. Both players have the same perceived radius with R = 6, the uncertain factor is δ ∈ (0, 1), the parameters The initial positions and the speeds of all the robots are random numbers, then the pursuit robots sample and fit the target trajectory, estimate the position and speed of the target based on the Kalman-consensus filtering, as in Fig. 4 (a) , the red dotted line is the target trajectory, the blue dotted lines are the pursuit robots trajectories. The pursuit robots constantly capture the encirclement points around the target on the basis of the estimated position of the target robot. It can be seen that the target position at (77, 110.8) is pursued. The error of estimation about the target pose based on the Kalman-consensus filtering is given by Fig. 4 (b) . Note that iteration is 50 and the experimental results prove the convergence, simultaneously, the evaluated errors smoothly vary from the interval (0, 1), the algorithm obtains a satisfactory precision. Based on Consensus-based Kalman filtering algorithm, it predicts the position of the target through interactions between individuals, the pursuit robots promptly approach the predicted direction, and also it saves the meaningless random searching time; likewise, it introduces the particle swarm optimization algorithm to distribute the optimal points for pursuit. It explicitly improves efficiency for successful hunting.
Conclusions and Future Scope
In this paper we have developed a cooperative hunting algorithm for the dynamic environments multi-robot group gaming on the "pursuit-evasion" platform. Firstly, the algorithm samples and rotationally fits the track of target, and then dynamically predicts the position of the target based on Kalman-consensus filtering; furthermore, it appropriately distributes the expected encirclement points for the pursuit robots according to the particle swarm optimization algorithm. Conclusively, the pursuit robots approach to the expected encirclement points and realize the precise pursuit. These results completely demonstrate its advantages and effectiveness. In the future we would like to explore the pursuit and confrontation of multiple targets as well as considering the more complex environment.
